Abstract-This paper describes a robust approach which improves the precision of vehicle localization in complex urban environments by fusing data from GPS, gyroscope and velocity sensors. In this method, we apply Kalman filter to estimate the position of the vehicle. Compared with other fusion based localization approaches, we process the data in a public coordinate system, called Earth Centred Earth Fixed (ECEF) coordinates and eliminate the cumulative error by its statistics characteristics. The contribution is that it not only provides a sensor fusion framework to estimate the position of the vehicle, but also gives a mathematical solution to eliminate the cumulative error stems from the relative pose measurements (provided by the gyroscope and velocity sensors). The experiments exhibit the reliability and the feasibility of our approach in large scale environment.
I. INTRODUCTION
Within the past decade, accurate global localization has become a hot issue in the intelligent vehicle research domain, not only for developing advanced driver assistance system, but also for achieving autonomous driving.
Since GPS is susceptible to interference or even not fully available (tunnels, indoor environments, mountainous forested environments), odometry based localization is taken as a supplement solution to calculate the position of the vehicle by using e.g.vision based sensors (cameras, LIDARs, etc) [1] , wheel sensors [2] and inertial sensors (gyroscopes and accelerometers) [3] [4] . However, as an odometry system without references to re-calibrate itself, the position will drift with the passage of time. Several methods have been demonstrated by using terrain maps [5] and visual landmark recognition [6] to reduce the cumulative error. However, in large scale urban environments, both require huge resources.
The idea of fusion based localization has been proposed in recent years to overcome this problem. Agrawal and Konolige [7] present a localization method using stereo vision and GPS. In their work, visual odometry is fused with GPS by using an extended Kalman filter. However, it requires that the GPS directly provides the trajectory in a local coordinates system (usually the GPS only provides the measurements as latitude, longitude and height in a global coordinate system). In addition, the extended Kalman filter which they used is suboptimal because of the non-linear transformations. Somphop et al. [8] utilize GPS, compass, wheel encoders with machine vision to improve the localization precision. Their machine vision technique extracts road signs and uses predefined map to calculate the vehicle's position. However, real time requirement is still an issue.
In this paper, we present a sensor fusion approach to integrate gyroscope, velocity sensor and GPS with the goal of improving the precision of localization in complex urban environments. The GPS provides the data in geodetic coordinates (Sec. II-A) while the others provide the data in navigation coordinates (Sec. II-A). Compared with others, we introduce a cumulative error elimination approach to improve the precision of the estimation. The experiments show that the integration scheme not only yields precise estimation but also satisfies the real-time requirement.
An off-the-shelf platform, OXTS RT 3000 GPS/IMU, is used to provide data under real traffic scenarios [9] .
The remainder of this paper is structured as follows: Sec. II briefly describes different coordinates with their corresponding relationships. Sec. III introduces more details about the estimation phase. Sec. IV presents experimental results under different scenes. Finally, the paper is concluded in Sec.V.
II. PREREQUISITES
This section gives insights into the prerequisites, while the next section will elaborate on the estimation phase.
A. Different coordinate systems
In order to integrate different sensors for localization, several coordinates systems need to be introduced [10] :
1) Geodetic coordinate system: In geodetic coordinate system, the earth's surface is approximated by an ellipsoid and locations near the surface are described in terms of latitude (φ), longitude (λ) and height (h), which provide by the GPS. Fig. 1 shows the latitude and longitude of the vehicle in geodetic coordinates.
2) Earth-centred-earth-fixed (ECEF) coordinate system: The earth-centred-earth-fixed (ECEF) or conventional terrestrial coordinate system rotates with the earth and has its origin at the centred of the earth. The X ecef axis passes through the equator at the prime meridian. The Z ecef axis passes through the north pole but it does not exactly coincide with the instantaneous earth rotational axis. The Y ecef axis can be determined by the right-hand rule to be passing through the equator at 90 longitude. Fig. 1 shows the origin and three axis of the ECEF coordinate system. (Fig. 1 ) is far more intuitive and practical than ECEF or geodetic coordinates. The local ENU coordinates are formed from a plane tangent to the earth's surface fixed to a specific location and hence it is sometimes known as a local tangent plane. By convention the east axis is labeled as X , the north Y and the up Z.
4) Vehicle coordinate system: The vehicle coordinates (x, y, z) are defined in a three-dimensional Cartesian coordinate system with its origin in the middle of the rear axle. The x axis and y axis are paralleled with the vehicle's horizontal axle and vertical axle while the z axis is perpendicular to the ground. The gyroscope and velocity sensors provide the egomotion vector (η i , d i ) at each frame, where d is the velocity and η is the rotation angle, i is the frame index. (In this paper, we assume the vehicle is driving in a flat plane) 5) Navigation coordinate system: The navigation coordinates (X nav , Y nav , Z nav ) are defined in a three-dimensional Cartesian coordinate system with origin on the initial position of the vehicle. It provides the whole trajectories by calculating the ego-motion vector as follows:
where θ i = i j=1 η j is considered as the relative orientation in the navigation coordinate system, i is the frame index. Fig. 2 illustrates the relationship between the local ENU coordinates, the vehicle coordinates and the navigation coordinates. The z axis in the navigation coordinate system is equal to the corresponding axis in the others. However, the y axis in the local ENU coordinates is parallel to the geodetic north compared with the corresponding axis.
B. Coordinates conversion
The transformations between the corresponding coordinates are as follows [10] :
1) Geodetic to ECEF: The geodetic coordinates can be converted into ECEF coordinates by using the following formulas:
Relationship between the local ENU coordinates, the vehicle coordinates and the navigation coordinates
where
e and a denote eccentricity and the semi-major axis of the ellipsoid respectively.
2) ECEF to ENU: In order to transform the ECEF coordinates to the local ENU coordinates we need a local reference point, typically this might be the initial position of the vehicle (X 
3) ECEF to Geodetic: Given ellipsoid a, b and f , a approximation of geodetic coordinates is as follows:
where b denotes the semi-minor axis of the ellipse, a, N and e are the same parameters in Sec. II-B.1. More details about the integration process are given in Sec. III
III. ESTIMATING PHASE
Since GPS is often susceptible in a large scale urban environment, odometry is taken as a supplement solution to localize the position of the vehicle. This phase not only introduces a fusion framework to provide the position estimation, but also gives a mathematical solution to eliminate the cumulative error which stems from the gyroscope and the velocity sensors.
A. Sensor fusion process
A sensor fusion solution is required since either GPS or odometry has its own limit. In this paper, we use the ECEF coordinate system to process the data from the whole sensors. The process is as follows:
First, the data from GPS is transformed from the geodetic coordinates to the ECEF coordinates.
Second, the data from gyroscope and velocity sensors is transformed form the vehicle coordinate system to the velocity in the local ENU coordinate system. In this step, the local ENU coordinate system is considered as a natural bridge to connect the vehicle coordinate system and the local ECEF coordinate system. The transformations are calculated as follows:
where i is the frame index, γ i and θ i = i j=1 η j are considered as the orientation in the ENU coordinate system and the relative orientation in the navigation coordinate system, δ is the rotation angle between the vehicle coordinate system and the ENU coordinate system on the origin of the ENU coordinates. (Ẋ i ,Ẏ i ,Ż i ) is the corresponding velocity in the local ENU coordinate system. Assuming the vehicle is driving on the flat plane, the velocityŻ i is considered as zero.
In addition, a Singular Value Decomposition (SVD) method [11] is used in this paper to calculate the rotation angle δ as follows:
Since the vehicle's trajectory can be calculated not only in the ENU coordinates (by Equ. (3) ), but also in the navigation coordinates (by Equ. (1) ). According to Euler's rotation theorem the transformation between the related two coordinates is as follows:
Based on Equ. (5), the SVD method calculates the rotation angle δ and the corresponding velocity in the ENU coordinates.
Third, according to Equ. (3), we have the following equations:
with
Finally, the Kalman filter is given by:
with where 0 is a 3 × 3 zero matrix while I is a 3 × 3 identity matrix. The state vector t describes the vehicle's position and its velocity in the ECEF coordinates, the measurement q is acquired by the first step and the second step. l k and v k are described as zero mean, normal distributed white noises.
According to the Kalman filter, the approach estimates the locations by using data from GPS, gyroscope and velocity sensors.
The Kalman filter also allows the localization in either GPS denied environment or odometry. It can be easily implemented by using the parameter 0 instead of I in observe matrix H when GPS fails. With the same manner, the parameter A is replaced by 0 in observe matrix H when odometry also fails.
B. Cumulative error elimination
We not only introduce a sensor fusion approach to estimate the location, but also give a mathematical solution to eliminate the cumulative error which provides by the odometry.
Assuming the ego-motion vector
where the errorsη n andd n are assumed to be independent with zero mean and standard deviations δ η and δ d ,η n and d n are considered as the true value. The velocity of the vehicle in the local ENU coordinate system is calculated by the following equations:
The errors can also be represented by expandinġ 
In this case, we have
The expectations ofẊ
Equation (10) is explicit expression for the expectation. The cumulative error has a significant bias, which depends on the knowledge of the true value. However, the expression cannot be used due to the fact that it is conditioned on the true value which is not available in practice. To make the result useful, the expected value of the true moment is evaluated conditioned on the measurement.
Equation (11) is called the average true expectation. Expanding (11) using (8) then applying trigonometric identities, it can be shown that
With the same manner, the corresponding values ofỹ n can be also represented as follows:
Finally, the velocity in the ENU coordinate system is acquired by the following equations:
After the cumulative error elimination, the estimation process is using the same Kalman filter to estimate the position of the vehicle.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
The vehicle platform is used from Karlsruhe dataset [9] which equipped with an OXTS RT 3000 GPS/IMU system (which provide the GPS data and the attitude of the vehicle, including the velocity and the rotation angle at each frame) with 10 frames/s. All sequences correspond to real traffic conditions in urban environments with pedestrians and cars.
In the experiments, the vehicle was driven with an average velocity of 40km/h. In this paper, the related measurements are acquired by manually adding the white noises on the original data. For GPS, the distribution of the measurement noise in geodetic coordinates is assumed with the deviation of 0.000075 o and 30m; for gyroscope, the measurement noise is considered as the deviation of 0.002rad while the velocity is considered as the deviation of 0.15m. Fig. 3 illustrates the 2D trajectories acquired from the GPS/IMU system. The GPS measurements, the odometry (Equ. (1)) result, the sensor fusion approach without cumulative error elimination and the approach with error elimination are also included. Although the trajectories provided by GPS are not smoothing since the measurements' noise, however, the error is bounded compared with the odometry itself. From Fig. 3 we can see that our approach provides more reliable trajectories either with cumulative error elimination or without.
Table I also illustrates that the presented algorithm achieves high accuracy. The distance is the length of the experiments conducted while the RMSE (root mean square error) means the distance error between the estimated location and its true value. From table I we can see that the cumulative error elimination process improves the precision of the estimation compares with the other three methods.
The benefits of our approach are as follows: First, it provides a sensor fusion framework to improve the precision of the global localization which utilizes the original data from GPS, gyroscope and velocity sensors. Second, it also eliminates the cumulative error stems from the odometry in large scale environment. Third, it can be easily implemented and satisfies the real time requirement in large scale urban environment. Forth, it estimates the location by using the Kalman filtering technique which provides the optimal estimation under Bayes framework. The presented method has its own limit. A more precise model is required to represent the relative pose measurements. In this paper, we assume the noises are distributed as Gaussian distribution. However, in real urban environment, they are affected by various factors. A more completed mathematical model is therefore required.
V. CONCLUSION
Accurate global localization in urban environment is challenging in the present intelligent vehicle research domain. The GPS is susceptible to interference while the odometry often causes cumulative error. In this paper, a sensor fusion approach is presented to improve the localization precision in urban environment. In comparison to other works, we establish a public coordinates system to process data from the whole sensors by utilizing Kalman filtering technique. In addition, a cumulative error elimination process is also presented to improve the feasibility and reliability of the approach in large scale environment. The experiment shows that our approach improves the estimation precision compared with each individual sensor in complex urban environments.
Future improvements of the proposed approach include the use of other sensors such as radar and laser sensors in order to improve the estimation precision for automatic driving.
